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Abstract: This study presents a thorough bibliometric and factorial analysis of 
the intersection between Artificial Intelligence (AI) and Intellectual Capital (IC). 
As AI increasingly reshapes the management and application of IC, research in 
this domain has expanded significantly. Utilizing a comprehensive dataset from 
a prominent academic database, this paper maps the intellectual framework, 
identifies key authors, journals, and institutions, and uncovers essential trends 
and thematic clusters in AI and IC research. The study visualises the intricate 
relationships and factors that define the AI and IC knowledge landscape by 
employing advanced bibliometric techniques such as co-citation analysis, 
keyword co-occurrence, and conceptual mapping alongside factorial analysis. 
Factorial analysis facilitates the identification of latent variables and deeper 
thematic groupings, thereby enriching the interpretation of bibliometric results. 
Key themes are prominently highlighted. The findings clarify the current state 
of AI and IC research and propose future research directions and potential 
applications in this evolving field.
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1.	 INTRODUCTION

The connection between artificial intelligence (AI) and intellectual capital (IC) is becoming 
increasingly significant in today’s knowledge-driven economy (Popescu & Šebestová, 2024). 

Intellectual capital refers to an organization’s intangible assets, which include human capital (the 
skills and knowledge of employees), structural capital (the processes, systems, and databases), 
and relational capital (the relationships with stakeholders). This capital is essential for promoting 
innovation and gaining a competitive advantage (Andriessen, 2003; Bontis, 2002; Edvinsson & 
Malone, 1997; Martínez-Torres, 2006).

Artificial Intelligence (AI) is a sophisticated technology that allows machines to perform tasks 
intelligently. AI can enhance each component of intellectual capital by improving efficiency, 
decision-making, and knowledge utilization. AI tools can support employees by offering advanced 
data analysis, personalized learning experiences, and automation of routine tasks. This enables 
employees to concentrate on higher-level thinking and creative problem-solving, ultimately enrich-
ing the organization’s human capital (Bedi et al., 2024; Chowdhury et al., 2023). AI can improve a 
firm’s structural capital by optimizing processes, enhancing knowledge management, and enabling 
more effective organisational communication and collaboration. AI systems can analyze vast 
amounts of data to identify patterns and insights to inform strategic decision-making (Mikalef & 
Gupta, 2021). AI can facilitate better relationships with customers and partners by enabling more 
personalized communication, improving customer service through chatbots, and using predictive 
analytics to anticipate customer needs (Maolidah et al., 2023; Vodenko & Lyausheva, 2020).
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2.	 METHODOLOGY

This study conducts bibliographic research to uncover trends and gaps related to the nexus of artificial 
intelligence and intellectual capital. The study conducts a bibliometric analysis of the research area 
by examining empirical data from published literature, highlighting significant themes (Leung et 
al., 2017). The application of mathematical and statistical methods to books and other forms of com-
munication (Pritchard, 1969). Our study utilises the standard science mapping workflow developed 
by Börner et al. (2003) and further developed by Aria and Cuccurullo (2017), Cobo et al. (2011), and 
Zupic and Čater (2015). The standard workflow consists of five stages, as illustrated in Figure 1.

Figure 1. The workflow of bibliometric research
Source: Own processing

For our study design, we formulated the following research questions:

RQ1:	 What are the trend and citation patterns?

RQ2:	 Which counties are leading in research?

RQ3:	 Which sources are the most relevant in publishing?

RQ4: 	 Which authors are the most relevant in publishing?

RQ5:	 What are key topics according to the keywords in publication patterns?

Data were collected on October 15, 2024, from the Web of Science database. The database was 
selected because the Web of Science is highly valued in the academic community for conducting 
robust, reliable, and meaningful bibliometric analyses. Table 1 describes the criteria for data filtering.

Table 1. Filtering criteria for data collection

Keywords: „Intellectual capital“(All fields) AND „Artificial Intelligence“ (All fields“ OR „Human capital“ 
(All fields) OR “Relation capital” (All fields) OR „Structural capital“ (All fields)

Subject category: „Economics“, „Management“, „Business“, „Business Finance“, „Multidisciplinary Sciences“
Research area: Business Economics
Language: English
Document type: Article

Source: Own processing
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The first articles researching the selected topic date back to 1918. Still, we only consider the 
period from 2000 to 2023, as the meaning of artificial intelligence and using intellectual capital 
in companies and countries became most attractive during these years. Data are analysed using 
standard bibliometric techniques, such as bibliographic coupling, co-author, co-citation, co-word 
analyses, and factorial analysis. Table 2 describes these techniques.

Table 2. Standard bibliometric techniques
Bibliometric technique The unit of analysis used Kind of relation

Bibliographic coupling
Author
Document
Sources

Author's oeuvres
Document
Journal's oeuvres

Common references among author's oeuvres
Common references among documents
Common references among the journal's oeuvres

Co-author
Author
Country
Institution

Author's name
Country from affiliation
Institution from affiliation

Authors' co-occurrence
Countries' co-occurrence
Institutions' co-occurrence

Co-citation
Author
Document
Journal

Author's reference
Reference
Journal's reference

Co-cited author
Co-cited documents
Co-cited journal

Co-word Keyword or term extracted 
from

Terms' co-occurrence title, abstract or document's 
body

Source: Own processing, according to Cobo et al. (2011)

Factorial analysis, commonly called factor analysis, is a statistical technique used to explore and 
identify underlying relationships among variables. This method reduces data by grouping related 
items into distinct factors, simplifying complex datasets for more effective analysis. Numerous 
sources emphasize that factor analysis proves particularly beneficial in diverse fields such as psy-
chology, marketing, and finance. It aids in uncovering latent constructs that influence observed 
behaviours and trends. Researchers can identify common factors that drive various outcomes by 
examining the correlations among variables, enhancing insights and decision-making processes 
(Radanliev & De Roure, 2021; Valderrama et al., 2022; Vasquez-Torres, 2018).

3.	 RESULTS

From 2000 to 2023, we will follow the increasing trend of researching relations between intellectual 
capital and artificial intelligence. A faster increase can follow from 2019 when pandemics bring 
forward the importance of intangible assets and new technologies.

Figure 2. Annual scientific production and average yearly citation over the last 24 years
Source: Own processing
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Our dataset comprises 141 countries. Unsurprisingly, the USA leads in this area, having produced 
14,101 articles. China follows the USA, with 7,139 publications, while the UK holds the third 
position with 4,768 articles.

Figure 3. Country scientific production
Source: Own processing

Figure 4 shows the ten most relevant sources. Our sample consists of 1,378 sources. The leading 
source is the Journal of Intellectual Capital, with 412 documents. The second-ranked source is 
Applied Economics, with 367 documents, followed by the International Journal of Human Capital 
and Information, with 261 documents.

Also, these publications were analysed by 36,083 authors. The most relevant are Cuaresma Jusus 
Crespo and Wright Mike, with 22 publications each. Next is Bontis Nick, with 19 publications, 
and Docquier Frederic and Kong Dongmin, with 17 articles each.

We also provide the co-citation map for authors in Figure 6. The authors are divided into four 
clusters.

Figure 4. The most relevant sources
Source: Own processing
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Figure 5. The most relevant authors
Source: Own processing

Figure 6. Co-citation map
Source: Own processing

We provide co-word networks and factorial analysis to comprehend the relationship between topics 
and the main research methods. Keywords were divided into two clusters. The first cluster, red, 
included keywords related to intellectual capital, innovations, and firm efficiency. The second 
cluster, blue, is related to human capital and its efficiency.

Figure 7. Co-word network
Source: Own processing
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For our factorial analysis, we utilized a multidimensional scaling (MDS) map. This map provides 
a visual representation of the relationships among various concepts. By examining the distances 
and groupings of the terms, we can identify patterns and themes that reveal the underlying dimen-
sions of the dataset.

Figure 8. Multidimensional scaling map
Source: Own processing

Our MSC map is divided into four clusters. The first cluster, located in the top right, encompasses 
topics related to management, performance, and corporate governance. Key terms such as finan-
cial performance, corporate governance, management, corporate social responsibility (CSR), and 
sustainability are closely linked, indicating a strong thematic relationship. This suggests that firm 
performance and corporate practices, including CSR and governance, are highly interconnected. 
These concepts may reflect discussions or research on how effective governance, sustainability 
initiatives, and management strategies directly impact a company’s financial results. Addition-
ally, terms like intellectual capital and knowledge management are included in this grouping, 
highlighting that a firm’s knowledge and intellectual resources — such as human capital and 
social capital — are crucial to its performance metrics. This cluster presents a business-driven 
framework that connects corporate practices with performance outcomes. The close relationship 
between management, corporate governance, and corporate social responsibility (CSR) strongly 
emphasises sustainability and responsible business practices. This focus highlights these factors’ 
impact on internal management efficiency and financial success.

The second cluster, located in the bottom left, brings together economic and social development 
topics. Keywords such as economic growth, education, health, inequality, and fertility form a 
well-defined subcluster. These concepts are closely linked to development economics. The prox-
imity of economic development, growth, inequality, and education suggests a discussion about how 
fundamental societal structures influence economic trajectories. Including inequality, education, 
and health as key terms highlights a focus on human development and the distributional effects of 
growth. The placement of the term “economic growth” alongside fertility, inequality, and education 
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indicates a typical policy-driven discussion that emphasizes how economic development can be 
affected by these factors, especially in the context of low- and middle-income countries. Addition-
ally, terms such as migration and institutions are also clustered in this area, suggesting a focus on 
how global and national policies regarding social issues impact the broader economic landscape.

The next cluster focuses on Social Capital and Psychological Capital. Social capital, psychological 
capital, trust, and entrepreneurship are grouped in the middle-right section. Social and psycho-
logical capital in this cluster highlights the significant role of trust, social structures, and human 
resource management in influencing organizational and economic performance. Entrepreneur-
ship can be seen as a result of these forms of capital, indicating that building social networks and 
fostering psychological resilience could be crucial for entrepreneurial success. Additionally, the 
connection to human capital emphasizes the importance of individuals in driving both business 
performance and social change.

The Central Cluster: Knowledge, Efficiency, and Innovation. The central focus on knowledge, 
efficiency, innovation, and capital structure highlights the importance of these concepts in the 
discussions within the dataset. This centrality emphasizes that innovation and knowledge drive 
economic growth and corporate performance. In today’s economy, these elements are essential 
for improving efficiency, fostering organizational development, and driving economic expansion. 
Furthermore, capital structure plays a vital role, indicating the need to balance a firm’s financial 
systems and its ability to innovate and enhance productivity. This relationship connects to both 
the management and development-oriented aspects of the dataset.

4.	 CONCLUSION

This research briefly introduces the relationships between artificial intelligence and intellectual 
capital. Bibliographic analysis provides empirical confirmation about the development of these 
relations and research trends. Using bibliographic analyses, we answered five research questions. 
We confirmed the rising trend of researching the selected topics during 2000 – 2023. According 
to our results, the USA is the leading country in research, which is expected given its research and 
technological potential. Also, we provide information about most relative authors and sources. 
Using factorial analysis, we research the trend topics and topic patterns.

This research also has limitations, as we use only one database – Web of Science. The Web of 
Science database is comprehensive but does not cover all existing intellectual capital articles. 
Therefore, our results are accurate for Web of Science articles but may differ for other databases. 
We should also note that readers should be careful when summarizing our results. This method 
does not analyse entire articles because reference analysis analyses the titles, keywords, and 
abstracts of published studies. However, the bibliographic analysis also has positive aspects. It 
provides readers with a comprehensive overview of areas of interest.

Acknowledgment

This research was supported by the Technical University of Košice [grant number P1/23].



86

10th International Scientific-Business Conference LIMEN 2024
Conference Proceedings

References

Andriessen, D. (2003). Making Sense of Intellectual Capital: Designing a Method for the Valuation 
of Intangibles (1st ed., p. 456). Butterworth-Heinemann.

Aria, M., & Cuccurullo, C. (2017). Bibliometrix: An R-tool for comprehensive science mapping 
analysis. Journal of Informetrics, 11(4), 959–975. https://doi.org/10.1016/j.joi.2017.08.007

Bedi, M., Arora, N., Badoni, P., & Paras, P. (2024). The Role of Artificial Intelligence in Human 
Capital Development in the Tourism and Hospitality Industry of Chandigarh (pp. 569–584). 
https://doi.org/10.4018/979-8-3693-7898-4.ch027

Bontis, N. (2002). Managing Organizational Knowledge by Diagnosing Intellectual Capital: Fram-
ing and Advancing the State of the Field. World Congress on Intellectual Capital Readings, 
13–56. https://doi.org/doi:10.1016/B978-0-7506-7475-1.50006-3

Börner, K., Chen, C., & Boyack, K. W. (2003). Visualizing knowledge domains. Annual Review of 
Information Science and Technology, 37(1), 179–255. https://doi.org/10.1002/aris.1440370106

Chowdhury, S., Dey, P., Joel-Edgar, S., Bhattacharya, S., Rodriguez-Espindola, O., Abadie, A., 
& Truong, L. (2023). Unlocking the value of artificial intelligence in human resource man-
agement through AI capability framework. Human Resource Management Review, 33(1), 
100899. https://doi.org/10.1016/j.hrmr.2022.100899

Cobo, M. j., López-Herrera, A. g., Herrera-Viedma, E., & Herrera, F. (2011). Science mapping 
software tools: Review, analysis, and cooperative study among tools. Journal of the American 
Society for Information Science and Technology, 62(7), 1382–1402. https://doi.org/10.1002/
asi.21525

Edvinsson, L., & Malone, M. S. (1997). Intellectual Capital: Realizing Your Company’s True Value 
by Finding Its Hidden Brainpower (p. 240). Harper Business.

Leung, X. Y., Sun, J., & Bai, B. (2017). Bibliometrics of social media research: A co-citation and 
co-word analysis. International Journal of Hospitality Management, 66, 35–45. https://doi.
org/10.1016/j.ijhm.2017.06.012

Maolidah, M. K., Amin, N. K. A., & Imanuel, V. (2023). The Relationship Between Intellectual 
Capital, Human Capital, Public Relation Strategy, AI Integration, Corporate Social Respon-
sibility, And Company Image. Sammajiva: Jurnal Penelitian Bisnis Dan Manajemen, 1(1), 
94–105. https://doi.org/10.47861/sammajiva.v1i1.926

Martínez-Torres, M. R. (2006). A procedure to design a structural and measurement model of 
Intellectual Capital: An exploratory study. Information & Management, 43(5), Article 5. 
https://doi.org/10.1016/j.im.2006.03.002

Mikalef, P., & Gupta, M. (2021). Artificial intelligence capability: Conceptualization, measurement 
calibration, and empirical study on its impact on organizational creativity and firm perfor-
mance. Information & Management, 58(3), 103434. https://doi.org/10.1016/j.im.2021.103434

Popescu, C. R. G., & Šebestová, J. D. (2024). The impact of artificial intelligence on intellectual 
capital development: Shifting requirements for professions and processes in the non-profit 
sector. Journal of Infrastructure, Policy and Development, 8(10), Article 10. https://doi.
org/10.24294/jipd.v8i10.3899

Pritchard, A. (1969). Statistical Bibliography or Bibliometrics? Journal of Documentation, 25, 
348–349.

Radanliev, P., & De Roure, D. (2021). Epistemological and Bibliometric Analysis of Ethics and 
Shared Responsibility—Health Policy and IoT Systems. Sustainability, 13, 8355. https://doi.
org/10.3390/su13158355

Valderrama, P., Jiménez-Contreras, E., Escabias, M., & Valderrama, M. J. (2022). Introducing a 
bibliometric index based on factor analysis. Scientometrics, 127(1), 509–522.

https://doi.org/10.1016/j.joi.2017.08.007
https://doi.org/10.4018/979-8-3693-7898-4.ch027
https://doi.org/doi:10.1016/B978-0-7506-7475-1.50006-3
https://doi.org/10.1002/aris.1440370106
https://doi.org/10.1016/j.hrmr.2022.100899
https://doi.org/10.1002/asi.21525
https://doi.org/10.1002/asi.21525
https://doi.org/10.1016/j.ijhm.2017.06.012
https://doi.org/10.1016/j.ijhm.2017.06.012
https://doi.org/10.47861/sammajiva.v1i1.926
https://doi.org/10.1016/j.im.2006.03.002
https://doi.org/10.1016/j.im.2021.103434
https://doi.org/10.24294/jipd.v8i10.3899
https://doi.org/10.24294/jipd.v8i10.3899
https://doi.org/10.3390/su13158355
https://doi.org/10.3390/su13158355


87

Exploring the Nexus of Artificial Intelligence and Intellectual Capital: A Bibliometric Analysis ﻿

Vasquez-Torres, M. (2018). Factorial analysis of the elements that compose the training in the 
small and medium enterprises of the Industrial sector. MANAGEMENT-POLAND, 22(2), 
Article 2. https://doi.org/10.2478/manment-2018-0022

Vodenko, K. V., & Lyausheva, S. A. (2020). Science and education in the form 4.0: Public policy 
and organization based on human and artificial intellectual capital. Journal of Intellectual 
Capital, 21(4), 549–564. https://doi.org/10.1108/JIC-11-2019-0274

Zupic, I., & Čater, T. (2015). Bibliometric Methods in Management and Organization. Organiza-
tional Research Methods, 18(3), 429–472. https://doi.org/10.1177/1094428114562629

https://doi.org/10.2478/manment-2018-0022
https://doi.org/10.1108/JIC-11-2019-0274
https://doi.org/10.1177/1094428114562629



